In studies of subjective well-being, economists and other researchers typically use a fixed or random effect estimation to control for unobservable heterogeneity across individuals. Such individual heterogeneity, although substantially reducing the estimated effect of many characteristics, is little understood. This paper shows that personality measures can account for 20% of this heterogeneity and a further 13% can be accounted for by other observable between-person information. This paper then demonstrates that the use of personality measures, in a new technique developed by Plumper and Troeger (2007) , can help researchers obtain improved estimates for important characteristics such as marital status, disability and income. The paper argues that this has important practical implications.
Economists wishing to evaluate how economic circumstances benefit an individual's life are increasingly turning to subjective well-being data. There are now numerous studies by economists that reveal the benefits of, for example, more income (Blanchflower & Oswald, 2004 , Clark & Oswald, 1996 , Ferrer-i-Carbonell, 2005 , Ferrer-i-Carbonell & Frijters, 2004 , Luttmer, 2005 , Senik, 2004 and sustained employment (Clark & Oswald, 1994 , Di Tella et al., 2001 , Winkelmann & Winkelmann, 1998 ). An important concern in subjective well-being studies is how to deal with heterogeneity between individuals that is largely considered to be unobservable. There is some uncertainty as to what individual heterogeneity consists of but the term fundamentally represents fixed factors unique to each individual that drive the individual to earn a higher income or remain in employment yet also enable them to have higher levels of well-being over the course of their life. An example would be the individual's personality. Any researcher interested in the independent effects of increasing an individual's income must somehow control for these correlated but largely fixed and unobservable heterogeneous factors.
A typical approach to overcome issues of heterogeneity is to exploit panel data and perform either a random or fixed effect estimation. Since individual heterogeneity is generally viewed as fixed across time, the observation of individuals at several time points allows researchers to statistically control for the heterogeneous factors without having to directly observe or quantify them. Inevitably, when important explanatory variables are unavailable estimation by ordinary least squares (OLS) will result in biased estimates. Ferrer-i-Carbonell & Frijters (2004) document this bias from not appropriately controlling for individual heterogeneity and observe that the positive coefficient on income reduces by about 2/3 when moving from a pooled OLS to a fixed effect estimator. The bias is large and illustrates the necessity of controlling for important yet largely unobservable and unknown characteristics.
Ferrer-i- Carbonell & Frijters (2004) further suggest that individual heterogeneity, which appears to be an important source of information as to why some individuals have higher levels of well-being than others, needs to be better understood. This paper aims to elicit an understanding of individual heterogeneity.
Aside from controlling for its presence there has been little work directed at understanding what is truly included within the set of fixed heterogeneous factors. Within the well-being literature there is no real consensus on what individual heterogeneity is and the term is often used to reflect aspects of an individual's character that researchers have difficulty measuring. Some researchers have suggested that in part there is some bias in individual responses to subjective well-being questions due to processes such as anchoring or whether the individual has an optimistic or pessimistic view of life (Clark et al, 2005; Ferreri-Carbonell, 2005; Winkelmann & Winkelmann, 1998) . It has also been argued that an individual's health (Winkelmann & Winkelmann, 1998) , their capacity to deal with adversities (Ferrer-i-Carbonell, 2005) and their ability or family back ground (Di Tella & MacCulloch, 2006) are important components of unobservable heterogeneity.
Perhaps the most widely cited and most important component of individual heterogeneity is an individual's personality. Many subjective well-being researchers have in fact made the explicit assumption that the unobservable individual heterogeneity is mainly personality traits (Booth & van Ours, 2008 , Ferrer-i-Carbonell & Frijters, 2004 , Senik, 2004 , Vendrik & Woltjer, 2007 . It is unclear what is truly contained within the all encompassing term individual heterogeneity yet the assumption that personality is the main component has received little scrutiny. Perhaps unfamiliar to many economists is the fact that personality can be reliably measured and that personality research has a long history in psychology (Winter & Barenbaum, 1999) . The use of such personality measures would enable researchers to improve their understanding of individual heterogeneity and determine how important personality is compared to other factors, such as the individual's health or background, as a component of individual heterogeneity. Further, an improvement to our understanding of individual heterogeneity may be of benefit in the estimation of subjective well-being equations.
The estimation strategy that seems to be favoured in subjective well-being studies to deal with individual heterogeneity is a fixed effect (FE) estimation. Based on the assumption that the unobservable heterogeneity is correlated with explanatory variables the FE model focuses solely on explaining the within-person variation. As a result the individual heterogeneity, which is considered fixed across time, contains no within-person explanatory power. In fact, all of the between-person information is not essential for estimation and is grouped together into what is referred to as the individual fixed effects and mostly ignored.
However, this focus on the within-person variation is inefficient and the resultant loss of between-person information has been described by Beck and Katz (2001) as like "throwing the baby out with the bath water". It is therefore not possible to obtain reliable estimates on characteristics that have zero or low within-person variation using an FE estimation (Plumper & Troeger, 2007 ).
An alternative that circumvents the problem of obtaining reliable estimates on characteristics with low within-person variation is a random effects (RE) estimation. Here, a different assumption is made about individual heterogeneity, in that the heterogeneity is uncorrelated with explanatory variables of interest. This is a strong assumption and, although the RE model is more efficient than the FE model, since it uses both within and betweenperson information, is likely to produce biased estimates if this core assumption is violated. Mundlak (1978) proposed a solution to this problem by allowing for correlation between the unobservable heterogeneity and some of the observable characteristics. The random effects model with a Mundlak (1978) transformation (REMT) overcomes the inefficiency problems associated with the FE model but still maintains many of the key FE assumptions. An example of the REMT's use in subjective well-being research can be seen in Ferrer-iCarbonell (2005) .
It is clear that the correlation between the unobservable heterogeneity and observable characteristics is a key factor determining a subjective well-being researcher's choice of estimation strategy. However, if personality measures can add to our understanding of individual heterogeneity then this correlation problem might not be so critical. The use of personality measures in estimation may allow panel data estimation strategies to be applied to subjective well-being research that are less restrictive than the FE or REMT. It has already been demonstrated that personality measures are a useful substitute to control for individual heterogeneity when panel data is unavailable (Anand et al., 2009 ). This paper also exploits personality measures, but instead within a panel data framework, and suggests the fixed effect vector decomposition (FEVD) model, developed by Plumper and Troeger (2007) , as an alternative to the FE and REMT models. The FEVD model is based on the standard FE model but also recognises that some of the fixed individual heterogeneity is in fact observable. The FEVD has three stages and, whilst giving the technique efficiency advantages over the FE model by maximising the use of between-person variation, the technique still controls for the truly unobservable component of individual heterogeneity. In the first of the three stages individual fixed effect residuals are estimated using the FE model. Individual fixed effect residuals, which absorb all between-person information, are then decomposed into an observable and unobservable component. Here, available characteristics that have little or zero within-person variation can be used to predict the fixed effect residual. The final stage then uses the error term from stage two, representing the true unobservable heterogeneity, and all the observable characteristics, as an explanatory variable in a pooled OLS estimation.
The FEVD allows the estimation of characteristics that have zero or only small withinperson variations. In studies of subjective well-being the application of FEVD, like the REMT, seems immediately beneficial for obtaining estimates on various demographic characteristics that mostly vary between individuals and not within, for example, age, gender and geographical location, that are unobtainable using the FE model. There are, however, also other important characteristics that are known to change very little over the individual's life and the use of either the FE or REMT models to estimate the effect of such characteristics can often result in insignificant coefficients. An example would be the individual's level of education. In some studies, such as Luttmer (2005) and Ferrer-i-Carbonell (2005) , the coefficient on education is often found to be indeterminable and invites the conclusion that education does not improve the individual's life satisfaction.
In the face of estimating variables with low or zero within-person variation it might be sensible to opt for either an RE or REMT estimation. However, in addition to proposing the FEVD as an alternative to the FE model for estimating characteristics with low within-person variation, Plumper and Troeger (2007) Plumper and Troeger (2007) suggest that by being able to explain more of the fixed effect residual in stage two reduces the likelihood of a high correlation. In the case of subjective well-being research this would include measures of an individual's personality.
Many characteristics that are typically estimated in subjective well-being equations have fairly low within-person variations. This paper uses subjective well-being data from the German Socio-Economic Panel, which included a number of validated and reliable personality questions in a recent wave. First, it is shown that many of the conventional variables used in subjective well-being research lack within-person variation. Second, it is shown using valid and reliable personality measures that personality is the main component of individual heterogeneity and that using personality measures to increase our understanding of individual heterogeneity substantially reduces the correlation between the remaining unobservable heterogeneity and important explanatory variables. Collectively these two results make estimation possible using a FEVD. This paper argues that more reliable estimates are obtained on characteristics that have only moderately low within-person variations and this includes the individual's marital status, disabilities and even income. The next section discusses the measurement of personality and its use within economics. Section 3 gives greater technical detail regarding the FEVD and shows how the technique can incorporate the use of personality measures and be applied to subjective well-being research.
Section 4 describes the German Socio-Economic Panel data used in the analysis. The results are then given in section 5 and section 6 concludes.
The use of personality measures in economics
Personality research has a long history in psychology beginning with researchers such as Allport (1937) and Cattell (1946) and has since developed into a systematic analysis of individual differences. Models of personality are generally constructed around natural language and the words used to describe people (for a full development of this lexical approach see John and Srivastava (1999) ). The personality literature is dominated by the Big Five Personality Inventory, which suggests at the broadest level of abstraction there are five dimensions of personality. Using factor analysis it has been shown that the large numbers of words used to describe individuals load onto five main themes: openness to experience, conscientiousness, extroversion, agreeableness and neuroticism. Although the model is atheoretical the personality measures such as the Big Five have been shown to measure what they are supposed to (Benet-Martinez & John, 1998 , Borkenau & Ostendorf, 1990 ) making them distinct from indicators of subjective well-being.
Models like the Big Five have been used to address some areas that are of economic interest. For example, Mueller and Plug (2006) , Nyhus and Pons (2005) and Groves (2005) have all looked at the effect of personality on earnings. Mueller and Plug (2006) show that some personality traits, such as openness and conscientiousness, are rewarded in the market place, whereas other traits, such as agreeableness and neuroticism, are penalised. Nyhus and Pons (2005) draw similar conclusions but also find that the degree of control an individual has is important for earnings. They further find that the financial return to personality varies across educational groups. Groves (2005) investigates the importance of psychological traits, such as autonomy, social withdrawal and aggression in female earnings. Studies such as these may help explain why even after controlling for many factors, which includes the improved cognitive abilities that come through schooling, there are still large earning gaps. Bowles et al. (2001a) have suggested that both school and family pass on many important behavioural traits that enhance the individual's earning success. However, the use of personality traits in the determination of wages is very much in its infancy (Bowles et al., 2001b) .
More recently researchers have looked at personality's relation to an individual's propensity to share knowledge with work colleagues (Matzler et al., 2008) . In fact, a recent discussion paper by Borghans el al. (2008) evaluates the integration of personality into economic research more generally. From a theoretical perspective they discuss ample evidence that suggests that personality should be given greater consideration when discussing economic parameters and constraints. Borghans et al. (2008) further suggest that there could be considerable benefit to understanding how economics incentives might influence individuals with different personality traits.
In contrast to the approach by economists, a psychologist's discussion of subjective well-being will often centre on personality. Personality enables a categorisation of people and their behaviours and is therefore one of the strongest and most consistent factors predicting the individual's well-being (Diener & Lucas, 1999) . Economists show greater interest in demographic factors, like age, education, income and marital status, which although explaining relatively less of the individual's well-being (Argyle, 1999) can be influenced by policy. In subjective well-being studies economists only require some way of controlling for personality. By assuming personality is fixed, an assumption that is supported by work in psychology (Costa & McCrae, 1980 , Costa & McCrae, 1988 , economists are able to control for personality using the models like the FE and REMT to obtain unbiased causal effects on various demographic factors. The use of personality measures, however, to better understand the fixed effects will help merge subjective well-being research of both psychologists and economists and may help uncover the true causes of high subjective well-being (Gutierrez et al., 2005) .
Methodology
At a given time point (t) the individual's subjective well-being (SWB) is generated as follows:
(1)
There are some characteristics (δ) which vary across time periods but not individuals, for example, the economic or social conditions that affect everyone equally at a given time point.
Other characteristics ( 
By eliminating the individual heterogeneity (µ) unbiased estimates of the x characteristics can be obtained. However, no estimates of the observable z characteristics are obtainable from such a regression. Inadvertently they will be eliminated alongside the individual heterogeneity and important information will be lost. In contrast the RE model makes better use of the information available. The RE model assumes the unobservable heterogeneity is uncorrelated with observable characteristics. This means that the time-invariant individual heterogeneity, µ, is subsumed by the error term, ε. Reasonable estimates can be obtained as long as the error structure is recognised using an estimator such as generalised least squares (GLS). However, the reliability of these estimates depends on the strength of the assumption that observable characteristics are not correlated with the individual heterogeneity. In studies of subjective well-being it would difficult to argue convincingly that this was the case. Some researchers have therefore proposed the use of the REMT. The REMT circumvents this problem by allowing the error structure to take account of the correlation, in a similar fashion to the FE model, by including the time-mean values of the observable characteristics that are thought to be correlated with the unobservable heterogeneity. An issue with such a technique, however, is that there is no clear cut way of choosing which variables are correlated with the unobservable heterogeneity. There are some individual characteristics that it would be difficult to argue weren't correlated with the unobservable heterogeneity but ultimately the decision is down to a researcher's discretion.
The FEVD is an alternative estimation strategy proposed by Plumper and Troeger (2007) which similarly attempts to overcome the loss of information that occurs using the FE model. The advantage of this technique over the REMT is that Plumper and Troeger (2007) provide clear conditions under which the FEVD estimation is superior to an FE model. Their technique performs the FE model in its first stage in order to obtain an estimate of the fixed effect residual ( i μ ). However, they note that the fixed effect residual ( i μ ) obtained using the FE model is not the same as the true unobservable heterogeneity (µ) outlined in equation 1.
The fixed effect residual also contains the eliminated information of characteristics contained in z as well as the mean effects of the characteristics contained in x. An estimate of the fixed effect residual ( i μ ) using the FE model effectively includes all observable and unobservable between-person information. 
Although z variables may have been correlated with µ, they are not correlated with η.
Therefore, by including the error term (η) from stage two the FEVD allows researchers to obtain reliable estimates on z characteristics. Plumper and Troeger (2007) discuss the conditions under which characteristics can be classified as z characteristics and favourably estimated using the FEVD. There are some variables that belong strictly in either the set of x or z variables; they change all the time or not at all. However, there are other variables in which a strict categorisation is not possible.
For instance, there are some characteristics that simply do not change very much. Obvious examples might include education or marital status. For a huge proportion of a population these types of characteristics may never change, whilst in others they may be changing often.
Hence, for part of a given sample, a particular characteristic will behave like a z characteristic, whilst for others, the characteristic will behave like an x characteristic. In the FE model the information from the part of the sample that does not change cannot be used.
Similarly, if the characteristic is treated as an x variable in the FEVD then the information is also ignored. However, it is possible to treat some characteristics as z variables if they have a low within-person variation. If the within-person variation is sufficiently small enough then the trade-off between bias and efficiency favours the efficient estimator.
In their Monte Carlo simulations Plumper and Troeger (2007) show using the root mean squared error under what conditions the gain in information at the sacrifice to bias favours estimation by FEVD. Plumper and Troeger (2007) pin-point the ratio of a particular variables between-to-within person variation as a way of distinguishing whether that variable can be better estimated using FEVD. This ratio, however, depends on how well the particular variable in question is correlated with the unobservable heterogeneity (η). For example, when the correlation is 0.5 the between-to-within person ratio must exceed 2.8 for the FEVD to be the superior estimator. When the correlation drops to 0.3 the between-to-within person ratio only needs to be 1.7. These between-to-within person ratios are fairly low and may include many characteristics that economists have so far only estimated using the FE or REMT models.
The correlation between unobservable heterogeneity and any potentially low withinperson characteristic is clearly unobservable. However, as Plumper and Troeger (2007) suggest, including additional z variables in stage two of the FEVD and obtaining a better understanding of the fixed effect is likely to decrease the size of the unobservable component 
Data
The data used to aid the understanding of the fixed factors that contribute to well- In 2005, a series of questions designed to uncover aspects of an individual's personality were included in the GSOEP. Self-reported personality measures generally have high levels of reliability and validity. Previous research has shown, for example, that selfreported personality measures are highly stable over time (McCrae & Costa, 1990 ) and relate to peer ratings (McCrae & Costa, 1987) . Self report measures also predict both objective behavior (Epstein, 1979) and occupational success (Hogan, 2005) , have biological correlates (Ryff et al., 2006) This construct can be traced back to the work of Rotter (1966) and the same set of questions has been used in Fliessbach et al. (2007) . There is one question that directly asks the degree to which an individual is pessimistic about the future.
Factor analysis confirmed that the 31 personality questions grouped meaningfully into the personality traits outlined above. 2 The sole purpose of using the personality measures in this paper, however, is to maximize the explanation of individual heterogeneity. In the main analysis all 31 measures are therefore included as separate predictors, rather than as the grouped personality constructs. The personality questions asked in 2005 are assumed to be reliable proxies for personality across all years of analysis. A key assumption of panel data models is that individual heterogeneity is fixed across time so this seems like a reasonable 2 The Appendix contains a full list of the personality questions and a description of how the measures combine into meaningful personality constructs assumption. However, although innate personality may be relatively stable across time an individual will not necessarily give the same response to a given question each year. It is therefore likely that personality measures will be prone to some measurement error. This represents a limitation to this study but more accurate personality measures are likely to only add to the explanatory power of individual heterogeneity. It will be interesting to determine how much these available measures contribute to the explanation of heterogeneity when compared to other likely sources of heterogeniety, including an individual's health and background.
The panel constructed is unbalanced. All individuals are observed in 2005 and at least one other time point. The period under analysis is 6 years. This time-frame is considerably shorter than the available data in GSOEP and means that the data set is likely to have a lower within-person variation than a longer panel. Estimation by FEVD will therefore be falsely superior according to the conditions set out by Plumper and Troeger (2007) . However, a short data set is needed to ensure that personality measures from 2005 are adequate proxies across the entire period under analysis and can be adequately used to attempt an understanding of the fixed effect. To counter the potential low-within person variation problem the descriptive statistics across a 12 year panel form GSOEP are also shown alongside the 6 year panel in Table 1 . Across both panels most characteristics have between variations that exceed the within variation. Many important characteristics are also observed to have within-to-between variations exceeding 2 and this suggests that a great deal of observable information will be discarded when using the FE model. Depending on the correlation between the unobservable heterogeneity and any characteristics of interests, as will be empirically approximated later, estimation using FEVD might be the preferable estimation strategy.
Concentrating on the 6 year panel used in the main analysis there are 93016
individual-year observations coming from 17210 unique individuals. For ease of interpretation in the later analyses all the variables with intrinsically non-meaningful scales, life satisfaction, self-rated health and all of the personality measures, are standardised with a mean of zero and standard deviation of one.
Results
Analysis begins by showing the importance of controlling for individual heterogeneity. In Table 2 There are, however, other important differences across the pooled OLS and FE models. Some variables do not have enough within-person variation to enable reliable estimation. In Table 2 variables with zero within-person variation, such as gender, cannot be included in the fixed effects model. Controlling for age can also be problematic. Age changes within all individuals in the same way and when included in the FE model is only interpretable as a linear time trend. As a result when time dummies are included there is little reason to include age as an explanatory variable in the FE model. Contrastingly, both age and gender can be included in the pooled OLS and the REMT models. These models suggest that women are more satisfied with life and that there is a u-shape relationship between age and life satisfaction (life satisfaction minimises at around 39 in the pooled OLS model). More importantly a closer observation across all the models highlights the difficulty of obtaining reliable estimates on variables that could be termed as slow changing. Table 1 showed that characteristics like education and marital status had very low within-person variations. In both the REMT and FE models in Table 2 the coefficient on education is indeterminable. The coefficients on marital status, on the other hand, vary considerably and in conflicting directions from the estimates given in the pooled OLS model. This leaves some concern over the reliability of the coefficients using both FE and REMT estimations on variables with low within-person variations.
The FE model in Table 2 is used to estimate a fixed effect residual for each individual.
Observable characteristics can then be used to decompose the fixed effect residual in Table 3 .
Column 1 begins by including only observable demographic characteristics; these variables explain 7% of the variation. Column 2 extends the model by further including what could be considered as very slow moving variables; marital status, education and whether the individual is retired. Adding these variables increases the explanation of the fixed effect residual to 10%. Column 3 indicates how much personality contributes to an explanation of the fixed effect residual. When grouped into their 9 meaningful constructs the personality measures collectively explain 18% of the fixed effect residual, with most of this explanation coming from an individual's level of pessimism, locus of control and neuroticism. The explanation of the fixed effect residual rises to 20% when personality is included as 31 separate scores. Maximising the explanation of the fixed effect residual is most important here so all 31 measures are used in the subsequent analysis. In column 4 these personality variables are appended to the explanatory variables considered to be slow moving. The overall explanation of the fixed effect residual rises to 29%. Finally column 5 includes the betweenperson information about the household's income, whether there are children in the house and an individual's health and disabilities. The explanation rises to 33%. Table 3 illustrates that personality provides the greatest explanation of individual heterogeneity when compared to other observable characteristics. Pessimism, locus of control, agreeableness and neuroticism are particularly important components of individual heterogeneity. The individual's health is also observed to be an important component. This suggests that individual heterogeneity is mostly, although not exclusively, personality. Since a large proportion of individual heterogeneity is in fact observable it may be sensible to consider alternative estimation strategies. As has been discussed, many of the favoured models are based on an assumed correlation between unobservable heterogeneity and the observable characteristics.
The fixed effect residual can also be used to empirically approximate the likely correlation between individual heterogeneity and other observable characteristics. The first column in Table 4 shows that there is only low to moderate correlation between observable characteristics and the fixed effect residual. All variables are below 0.2. The second column controls for demographic characteristics with the correlation rising across many characteristics. However, as personality and other characteristics with very low within-person variation are included in Columns 3 and 4 respectively the correlations substantial reduce. As Plumper and Troeger (2007) show when an observable characteristic is correlated with the unobservable component of individual heterogeneity by just 0.3 the between-to-within person ratio only needs to be 1.7 to make estimation by FEVD superior to the FE model. Focusing specifically on income, the correlation is just 0.09 and has a between-to-within ratio of 2.17, suggesting that estimation may be preferable using FEVD.
The estimations carried out in Table 3 represent the second stage of the FEVD technique. Table 5 therefore displays the third stage FEVD results by including the error terms from Table 3 as explanatory variables in a pooled OLS estimation. In column 1 the error term from the second column in Table 3 , where only demographic and slow moving variables were used to predict the fixed effect residual in the second stage, is used in estimation. Although efficiency of estimation has been increased it is important to note that the coefficients on variables not used in stage two are the same as those using the standard FE model seen in Table 2 . On the other characteristics used in stage 2, however, some interesting changes occur. The estimation in the first column of Table 5 suggests that education has a positive effect on life satisfaction, contrasting the negative and insignificant coefficient seen in the FE and REMT models in Table 2 .
Here, it is useful to comment on the coefficients on marital status in the third stage of the FEVD when compared with the FE model in Table 2 . The change in the coefficients across the models is not consistent. Married has a coefficient that is nearly three times larger in the FEVD model. In contrast, the coefficient on widowhood is at least three times smaller using FEVD, and the variable divorced reverts from a positive to a negative coefficient. These changes across marital status are inconsistent and this highlights an important issue with the FE model. When comparing the FE and FEVD models it is important to consider the difference between a change in circumstance and maintaining a permanent situation. In marital status, for example, only the changes to the individual's marital status are important in the FE model. Thus, if there is no change to the individual's marital status then the individual will yield no useful information for the FE estimation. However, that same individual may have greater life satisfaction simply from sustaining a particular marital situation for a considerable period of time. For example, it is likely that getting married will increase the individual's life satisfaction but additionally there will are also likely to be well-being benefits from sustaining a healthy marriage for an extended period of time. Similarly, getting divorced may bring immediate life satisfaction benefits as seems to be supported in work by Gardner and Oswald (2006) . However, if the individual were to remain in a divorced state for a sustained period then it would seem plausible that there could eventually be adverse consequences for their well-being. The coefficients on widowed invite a similar argument -becoming a widow initially has a large negative impact on the individual's life. Over time, however, the impact reduces as the individual adapts to their loss, supporting conclusions in both Clark et al (2008) and Gardner and Oswald (2006) . The issue associated with marital status generalises to other variables and highlights a practical concern with the FE model.
Column 2 of Table 5 shows a further estimation using FEVD using the error term from column 5 of Table 3 . Since the use of personality measures substantially reduce the correlation between unobservable heterogeneity and important characteristics it enables many of the observable variables to be classified as slow moving enough to be preferably estimated using FEVD. The coefficients are different to the pooled OLS, FE and REMT models seen in Table 2 and, given the core model assumptions, possibly reflect more accurate estimates.
Another way of using personality variables, given that the correlation with unobservable heterogeneity and observable characteristics is substantially reduced, could be by using a standard RE model. Columns 3 and 4 show the results from an RE estimation both without and with personality variables respectively. The coefficients are fairly similar to the FEVD coefficients with the personality variables attenuating many of the coefficients in comparison to the pooled OLS model. The FEVD, however, is the preferred model since it satisfies the specific conditions set out by Plumper and Troeger (2007) .
The pooled OLS model, by not appropriately dealing with unobservable correlated factors, has a tendency to produce biased coefficients. The FE model, on the other hand, discards all between-person information and without a true understanding of individual heterogeneity underestimates the effect on life satisfaction of various individual characteristics. The FEVD by offering an alternative way to deal with individual heterogeneity combines elements of both techniques to enable efficient yet unbiased estimates. The results from column 2 in Table 5 suggest that doubling the individual's household income will actually increase their life satisfaction by 0.29 standard deviations.
The discrepancy with the FE model arises due to the well-being benefits that come about from having a permanently high level of household income as well as increases to household income. Additionally the FEVD provides more reliable coefficients on the effect of age, education, marital status, disabilities and having children.
Conclusion
This paper attempts to understand individual heterogeneity, which has been shown to substantially attenuate estimates of effects when moving from a pooled OLS to an FE model in subjective well-being studies. Here, personality measures are used to increase the understanding of individual heterogeneity and help confirm that personality is one of the main components of individual heterogeneity. Health and other demographic characteristics also provide some explanation of heterogeneity. A greater understanding of individual heterogeneity reduces the correlation between the remaining unobservable heterogeneity.
Reducing this correlation is key, since it allows alternative techniques to be explored, and enables more reliable estimates on variables that have low within-person variations, such as income, education, marital status, disabilities and having children.
The use of a FEVD model with personality variables has a tendency to produce estimates that lie someway between estimates on the pooled OLS and FE estimations. For example, using the FEVD the individual's household income is estimated to be more than 1.6 times more beneficial for the individual's well-being than is suggested by the FE and REMT models, but around 0.85 that of a pooled OLS model. One potential explanation is that there are still other important unobservable components not controlled for using the FEVD.
However, another reason could be that the FE and REMT models, by making strong assumptions about the correlation with the unobservable heterogeneity, are simply too restrictive. Specifically, the FE model leaves no room for uncovering improvements to the individual's subjective well-being that may simply arise, for example, from having a permanently high income or being in a permanently healthy relationship. Only focusing on changes detracts from the benefits to well-being that may accrue from sustaining a high level or state.
The observable between-person information is shown to predict 13% of the fixed effect residual. This decomposition of the fixed effect residual suggests that the fixed effect residual should not be completely termed as unobservable individual heterogeneity and simply disregarded. It contains valuable observable information. The fixed effect residual is potentially an untapped source in providing answers as to why some individuals have higher subjective well-being than others. The personality measures used here alone explain 20% of the fixed effect residual. Compared to the explanation given by other characteristics, such as health and other demographic characteristics, this contribution is large. However, there still remains a substantial unexplained component. There are three possible explanations. The unexplained component could be due individual heterogeneity that is still largely unknown, for example an individual's ability. Alternatively, the measures used, particularly the one-item life satisfaction scale, are imperfect and are likely to be measured with some error. Lastly, the FE model, focusing on only changes as discussed earlier, may underestimate the importance of permanent state effects. It is likely that there is some combination of the three but simply terming the individual heterogeneity simply as personality traits and discarding the information seems inappropriate.
An important consideration for the future is the availability of personality measures in the large data sets commonly used by economists. Currently many representative national surveys like the GSOEP do not include questions on an individual's personality. Such unavailability may prove problematic for the approach outlined in this paper. Economists are relatively unfamiliar with the idea that personality can be measured and this has no doubt influenced the demand for inclusion of such measures in their data sets -this needs to change.
Personality has already been shown to be an important determinant of wages (Bowles et al., 2001a ) but further work is needed around this area. More generally Borghans et al. (2008) have convincingly argued that economic research has much to gain from using reliable and valid personality measures that are used extensively by psychologists. Personality appears to be one of the biggest and most consistent predictors of well-being (Diener & Lucas, 1999) and as shown here is important for understanding both fixed and variable components of wellbeing. This paper adds to the support for the increased use of personality measures in subjective well-being research (Anand et al., 2009 , Boyce & Wood, 2009 . A wider inclusion of personality measures in data sets like GSOEP would be of enormous benefit to both personality and economic research.
This paper has gone some way in understanding the important fixed effect and shown the importance of exploiting between person information. The use of personality in this context is novel and may allow researchers to relax the statistical technique used to estimate subjective well-being equations. The use of personality measures combined with the FEVD technique may therefore provide an important methodological advance for subjective wellbeing research.
Individuals are asked whether the statement applies to them on a 1 to 7 scale, with 1 meaning the statement does not apply to them at all and 7 that it applies perfectly. Absolute value of t-statistics in parenthesis * significant at 5%; ** significant at 1% 
